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808 Original ResearchBACKGROUND: DNA methylation and gene expression are promising biomarkers of various
cancers, including non-small cell lung cancer (NSCLC). Besides the main effects of biomarkers,
the progression of complex diseases is also influenced by gene-gene (GG) interactions.
RESEARCH QUESTION: Would screening the functional capacity of biomarkers on the basis of
main effects or interactions, using multiomics data, improve the accuracy of cancer prognosis?
STUDY DESIGN AND METHODS: Biomarker screening and model validation were used to
construct and validate a prognostic prediction model. NSCLC prognosis-associated bio-
markers were identified on the basis of either their main effects or interactions with two types
of omics data. A prognostic score incorporating epigenetic and transcriptional biomarkers, as
well as clinical information, was independently validated.
RESULTS: Twenty-six pairs of biomarkers with GG interactions and two biomarkers with main
effects were significantly associated with NSCLC survival. Compared with a model using clinical
information only, the accuracy of the epigenetic and transcriptional biomarker-based prognostic
model, measured by area under the receiver operating characteristic curve (AUC), increased by
35.38% (95% CI, 27.09%-42.17%; P ¼ 5.10  10–17) and 34.85% (95% CI, 26.33%-41.87%; P ¼
2.52 10–18) for 3- and 5-year survival, respectively, which exhibited a superior predictive ability
for NSCLC survival (AUC3 year, 0.88 [95% CI, 0.83-0.93]; and AUC5 year, 0.89 [95% CI, 0.83-
0.93]) in an independent Cancer Genome Atlas population. GG interactions contributed a
65.2% and 91.3% increase in prediction accuracy for 3- and 5-year survival, respectively.
INTERPRETATION: The integration of epigenetic and transcriptional biomarkers with main
effects and GG interactions significantly improves the accuracy of prognostic prediction of
early-stage NSCLC survival. CHEST 2020; 158(2):808-819KEYWORDS: early stage; interaction; multiomics; non-small cell lung cancer; prognostic scorea under the receiver operating charac-
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Lung cancer is a leading cause of cancer-related death
worldwide and was estimated to cause 1.76 million
deaths in 2018.1 The 5-year survival rate among patients
with lung cancer remains relatively low, ranging from
4% to 17% depending on clinical characteristics.2
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chestjournal.orgdisease, early-stage patients often have a considerably
more favorable prognosis. However, significant
heterogeneity in clinical prognosis is observed for
patients with early-stage non-small cell lung cancer
(NSCLC) with similar clinical characteristics, which
indicates the importance of understanding molecular
mechanisms.3 Identifying molecular changes in
oncogene and/or tumor suppressor genes that are
associated with NSCLC survival is helpful for
developing targeted therapies to prolong patients’
survival time.
DNA methylation is a heritable, reversible, epigenetic
modification that affects the spatial conformation of
DNA and regulates gene expression.4,5 DNA
methylation is a molecular biomarker and may be a
therapeutic target for the treatment of cancer.6,7 In
addition, gene-gene (GG) interactions have long
been recognized to regulate the progression of
complex diseases, including NSCLC.8 The
development of cancer may be related to interactions
between several key genes.9 Lung cancer prognosis-
associated biomarkers have been proposed on the basis
of omics data, including DNA methylation,10 gene
expression,11 microRNA,12 and long noncoding
RNA.13 However, most studies are limited to a single
type of omics data, which results in less accurate
prognostic models.14 For example, our previous
integrative omics study of the BTG2 gene showed that
this gene could slightly improve the prediction
accuracy of early-stage NSCLC survival.6 However, a
large-scale integrative analysis of multiomics data has
identified genes with either important main effects or
gene-gene (GG) interactions, based on which a more
accurate prognostic prediction model of NSCLC can
be constructed.
Specifically, we used a two-stage study design and
performed an integrative analysis of pan-cancer-related
genes to identify prognostic biomarkers with either a
main effect or GG interactions using epigenome and
transcriptome data from multiple study centers. We
then built a prognostic prediction model for early-stage
NSCLC by incorporating both selected epigenetic and
transcriptional biomarkers.
Methods
Only patients with early-stage (stage I or II) lung adenocarcinoma
(LUAD) and lung squamous cell carcinoma (LUSC) were included
in our study. DNA methylation data were harmonized from five
international study centers, including Harvard, Spain, Norway,809
Sweden, and the Cancer Genome Atlas (TCGA). Gene expression data
were composed of four datasets from the Gene Expression Omnibus
(GEO) and TCGA.
Harvard: The Harvard cohort consisted of patients seen at Massachusetts
General Hospital (MGH), and histologically confirmed as having primary
NSCLC, recruited since 1992.15 We profiled 151 early-stage patients from
this cohort. A lung pathologist at MGH evaluated each specimen for the
amount (tumor cellularity, > 70%) and quality of tumor cells. The
specimens were classified histologically according to World Health
Organization criteria. The institutional review boards at the Harvard
T. H. Chan School of Public Health and MGH approved the study. All
patients provided written informed consent.
Spain: The Spanish cohort included 226 patients with early-stage NSCLC
recruited from eight subcenters between 1991 and 2009.10 Patients
provided written consent and tumors were surgically collected. This
study was approved by the Bellvitge Biomedical Research Institute
institutional review boards.
Norway: The Norwegian cohort consisted of 133 patients with early-
stage NSCLC from Oslo University Hospital, recruited between 2006
and 2011.16 The project was developed with the approval of the Oslo
University Institutional Review Board and regional ethics committee
(S-05307). All patients provided informed consent. Tumor tissues
were snap frozen in liquid nitrogen and stored at –80C until DNA
isolation.
Sweden: Tumor DNA was collected from 103 patients with early-stage
NSCLC, including 80 patients with LUAD and 23 patients with LUSC,
at the Skåne University Hospital in Lund, Sweden.17 The study was
developed under the approval of the Regional Ethical Review Board
in Lund, Sweden (Registration nos. 2004/762 and 2008/702).
TCGA: A total of 332 LUAD and 285 LUSC with full DNA methylation,
survival time, and covariates data were included. Level 1
HumanMethylation450 DNA methylation data from patients with
early-stage NSCLC were downloaded on October 1, 2015.
GEO: Transcriptome information from 425 patients with early-stage
NSCLC was profiled using the Affymetrix Human Genome U133A
Plus 2.0 Array (e-Table 1). Only data from patients with available
survival time, clinical stage, and tumor tissue expression values were
analyzed.
Quality Control for DNA Methylation Data
DNA methylation was assessed with Illumina Infinium
HumanMethylation450 BeadChips (Illumina Inc.). Raw image data
were imported into GenomeStudio Methylation Module V1.8
(Illumina Inc.) to calculate methylation signals and to perform
normalization, background subtraction, and quality control (QC).
Unqualified probes were excluded if they fitted any one of the
following quality control criteria: (1) failed detection (P > .05) in
$ 5% samples; (2) coefficient of variance < 5%; (3) all samples were
methylated or all were unmethylated; (4) common single-nucleotide
polymorphisms located in probe sequence or in 10-bp flanking
regions; (5) cross-reactive probes18; or (6) data did not pass QC in
all centers. Samples with > 5% undetectable probes were excluded.
Methylation signals were further processed for quantile
normalization (betaqn function in R package minfi) as well as type I
and II probe correction (BMIQ function in R package lumi). They
were adjusted for batch effects (ComBat function in R package sva)
according to the best pipeline by a comparative study.19 Details of
the QC process are described in e-Figure 1.
Quality Control for Gene Expression Data
The TCGA workgroup completed the mRNA sequencing data
processing and QC. Raw counts were normalized using RNA-810 Original Researchsequencing by expectation maximization. Level 3 gene quantification
data were downloaded from the TCGA data portal and were further
checked for quality. Gene probes were excluded if the missing rate
> 80%, and the batch effect was corrected with ComBat. The
expression value of each gene was transformed on a log2 scale and
standardized before association analysis.
DNA methylation and gene expression of 719 pan-cancer-related genes
were then used for subsequent association analysis. Gene symbols for
the 719 pan-cancer-related genes were obtained from the Catalogue
of Somatic Mutations in Cancer (COSMIC). After QC, there were
12,806 CpG probes identified for association analysis. CpG probes
from five genes (BTG2,6 KDM,7 EGLN2,8 LRRC3B,15 and SIPA1L320)
reported in our previous study were also included.Statistical Analysis
The flow of analysis is depicted in Figure 1. Epigenetic and
transcriptional analyses were performed simultaneously, and a
discovery phase and validation phase were used to identify NSCLC
prognostic biomarkers. In each procedure, we conducted analysis of
both the main effects and gene-gene interactions among biomarkers.
Patients having DNA methylation data from Harvard, Spain,
Norway, and Sweden, as well as patients having gene expression data
from GEO, were assigned to the discovery phase for epigenetic
analysis and transcriptional analysis, respectively. Patients having
two types of omics data from TCGA were assigned to the validation
phase.
For the main effect analysis, we used sure independence screening (SIS)
and LASSO Cox penalized regression to screen biomarkers with main
effects that were relevant to survival, using the R package SIS. SIS
LASSO is a two-stage procedure. At the first stage, SIS selects the
biomarkers with the strongest marginal associations with survival. At
the second stage, LASSO was used to perform variable selection and
parameter estimation simultaneously among the biomarkers selected
at the first stage. During the LASSO procedure, tuning parameter
selection was based on Bayesian information criteria. To capture
biomarkers that might be missed at the first stage, we repeatedly
applied the SIS LASSO algorithm to the remaining unselected
biomarkers until no new biomarkers can be recruited.21 This
iterative procedure is termed iterative SIS (ISIS) LASSO. To account
for the biologic heterogeneity between LUAD and LUSC, we used a
histology-stratified multivariate Cox proportional hazards model to
test these biomarkers, using the R package survival. The stratified
model adjusted for the differences between LUAD and LUSC in
baseline hazards. The other covariates adjusted in the model were
age, sex, study center, clinical stage, and smoking status.
For the GG interaction analysis, a histology-stratified multivariate
Cox proportional hazards model adjusted for the aforementioned
covariates was applied to identify biomarkers with GG interactions.
The P value thresholds for multiple testing were established by the
Bonferroni method, which set the significance level to .05 divided by
the number of tests. This way, the overall type I error would be
controlled at the .05 level. In our study, the significance level of
GG interaction analysis of epigenetic and transcriptional
biomarkers was defined as 6.10  10–10 ¼ 0.05/(12,806  12,805/2)
and 1.94  10–7 ¼ 0.05/(719  718/2), respectively.
Significant biomarkers observed in the discovery phase were further
confirmed in the validation phase and were retained if the P value
was # .05 and there was consistent direction of the effect across two
phases. We also performed a test of proportional hazards
assumption for each significant biomarker. The hazard ratio (HR)
and 95% CI were described as per 1% level of DNA methylation or
gene expression increment. Sensitivity analysis was performed to[ 1 5 8 # 2 CHES T A UGU S T 2 0 2 0 ]
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Figure 1 – Flow chart of study design and statistical analyses. In the epigenetic analysis, patients with lung adenocarcinoma and lung squamous cell
carcinoma from the Harvard, Spain, Norway, and Sweden cohorts were used in the discovery phase for screening, whereas data from the Cancer
Genome Atlas (TCGA) was used for validation. In transcriptional analysis, gene expression data from Gene Expression Omnibus and TCGA were used
in the discovery phase and the validation phase, respectively. Both main effect and GG interaction analyses were performed. GG ¼ gene by gene;
NSCLC ¼ non-small cell lung cancer.confirm these robustly significant biomarkers. Patients were excluded if
their DNA methylation (logit2 transformed) or expression (log2
transformed) values were out of range, based on mean  3  SD.
For those identified biomarkers, we applied a forward stepwise
regression strategy to build up a multibiomarker Cox proportional
hazards model in the discovery phase, which was then validated
in TCGA samples. In the forward stepwise regression, a likelihood
ratio test was applied to test the main effect or GG interaction
of biomarkers if Pentry # .05 and Pelimination > .05. Sensitivity
analysis was also performed using two different thresholds: .10
and .15.chestjournal.orgEpigenetic and transcriptional scores were calculated on the
basis of a weighted linear combination of individual values of
the DNA methylation and gene expression, with weights
derived from the Cox model. Integrative scores were
synthesized by epigenetic and transcriptional scores. Finally,
the prognostic score was defined as the linear combination of
clinical information and integrative score (see e-Appendix 1).
Kaplan-Meier survival curves adjusted for the covariates were drawn to
represent the survival difference among patients with different scores.
We predicted 3- and 5-year overall survival of patients, using the
nearest neighbor method for time-to-event data.22 The accuracy of811
the prediction is presented using a receiver operating characteristic
(ROC) curve and was measured by area under the ROC curve
(AUC), computed by the R package survivalROC. The prediction
accuracy was confirmed with an independent TCGA population in
the validation phase. The 95% CI and P value of the AUC
improvement were calculated on the basis of 1,000-time bootstrap
resampling. Stratification analysis of prognostic scores was carried
out within subgroups stratified by age, sex, smoking status, clinical
stage, and histology. The concordance index (Cindex), an average
accuracy of predictive survival across follow-up years, as well as the
95% CI, which ranges from 0.5 to 1.0, were calculated to estimate
the predictive performance.23 A nomogram was generated with R
package rms to facilitate application of our model.
We assessed the potential functions of the identified genes at the
protein level by taking advantage of limited public resources. First,
we evaluated the association between protein expression and gene812 Original Researchexpression, using the reverse-phase protein array from the TCGA
database. Second, we performed differential expression analysis
between tumor and normal tissues, and further investigated the main
effects of genes and GG interactions between genes on LUAD
survival, using the Clinical Proteomic Tumor Analysis Consortium
(CPTAC) database. Differential protein expression analysis was
performed with the R package limma, which generated a linear
model to estimate fold changes and SEs prior to empirical Bayes
smoothing.24 Finally, Gene Ontology (GO) and Kyoto Encyclopedia
of Genes and Genomes (KEGG) pathway enrichment analysis was
carried out with Metascape. Gene network analysis was conducted
with GeneMANIA,25 a plugin of the Cytoscape application. The
critical hubs, highly connected to nodes in a module, were defined as
the highest connectivity degrees.
P values were two-sided. All statistical analyses were performed with R
version 3.5.1 (R Foundation), unless otherwise specified.Results
After QC, 1,230 (Ndiscovery ¼ 613 and Nvalidation ¼ 617)
patients with 12,806 CpG probes and 719 gene probes
were included in the association analysis. The
demographic and clinical information are described in
e-Tables 2, 3.
For the main effect analysis of DNA methylation and
gene expression, 23 CpG probes (e-Tables 4-6) and 13
gene probes (e-Tables 7, 8) were selected by ISIS LASSO,
respectively. However, only cg19286631TRIM27 was
significantly associated with survival in both phases
(HRdiscovery ¼ 1.03 [95% CI, 1.01-1.05], P ¼ 1.43  10–2;
HRvalidation ¼ 1.03 [95% CI, 1.01-1.06], P ¼ 1.13  10–3)
and remained significant in sensitivity analysis. Also,
only one gene probe located in the NDRG1 gene
remained significant in the validation phase
(HRdiscovery ¼ 1.41 [95% CI, 1.05-1.89], P ¼ 2.16  10–2;
HRvalidation ¼ 1.12 [95% CI, 1.01-1.42], P ¼ 4.33  10–2)
and sensitivity analysis.
For the GG interaction analysis, we observed 2,495
and 40 GG interactions from epigenetic and
transcriptional analysis, respectively, in the discovery
phase. Finally, 149 and 2 GG interactions were
retained in the validation phase that were also significant
in the sensitivity analysis (e-Tables 9-13).
By forward stepwise regression analysis in the discovery
phase, we observed one CpG probe with a main effect
and 25 pairs of CpG probes with GG interactions in
the multibiomarker model (e-Table 14), which was used
to calculate the epigenetic score (e-Table 15)
(HRdiscovery ¼ 2.71 [95% CI, 2.41-3.05]; P¼ 1.15 10–61).
One gene probe with a main effect and one pair of gene
probes with a GG interaction were retained in the
multibiomarker model and used to calculate thetranscriptional score (HRdiscovery ¼ 2.44 [95% CI, 1.78-
3.35]; P ¼ 2.79  10–8). The associations between survival
and each of these scores were independently confirmed in
the validation phase when adjusted for covariates
(epigenetic score: HRvalidation ¼ 2.72 [95% CI, 2.31-3.20],
P ¼ 6.06  10–33; transcriptional score: HRvalidation ¼ 2.64
[95% CI, 1.73-4.04], P ¼ 7.51  10–6; integrative score:
HRvalidation ¼ 2.72 [95% CI, 2.32-3.18], P ¼ 5.68  10–35;
prognostic score: HRvalidation ¼ 2.72 [95% CI, 2.34-3.17],
P ¼ 5.04  10–38).
To evaluate the discriminative ability of these scores,
samples in the validation phase were categorized into
low-, medium-, and high-score groups based on the
tertiles of epigenetic, transcriptional, integrative, and
prognostic scores, respectively. Compared with the
epigenetic low-score group, the medium- and high-
score groups had 4.39- and 21.24-fold mortality risk,
respectively (HRMedium vs Low ¼ 4.39 [95% CI, 2.42-
7.99], P ¼ 1.22  10–6; HRHigh vs Low ¼ 21.24 [95% CI,
11.23-40.17], P ¼ 5.67  10–21) (Fig 2A). Patients with
a high transcriptional score had significantly worse
survival (HRMedium vs Low ¼ 1.46 [95% CI, 0.92-2.33],
P ¼ 1.04  10–1; HRHigh vs Low ¼ 2.26 [95% CI, 1.41-
3.60], P ¼ 6.52  10–4) (Fig 2B). The significant survival
difference was enhanced among patients with different
integrative scores (HRMedium vs Low ¼ 4.32 [95% CI,
2.39-7.83], P ¼1.33  10–6; HRHigh vs Low ¼ 24.32
[95% CI, 12.71-46.56], P ¼ 5.76  10–22) (Fig 2C).
Moreover, when combined with clinical information,
including age, sex, study center, clinical stage, and
smoking status, the prognostic score significantly
discriminated NSCLC survival (HRMedium vs Low ¼ 7.32
[95% CI, 3.50-15.33], P ¼ 1.29  10–7; HRHigh vs Low ¼
28.85 [95% CI, 13.13-63.43], P ¼ 5.83  10–17) (Fig
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Figure 2 – Estimated survival curves for patients grouped by various biomarker-based scores. A, Epigenetic score of DNA methylation. B, Tran-
scriptional score of gene expression. C, Integrative score of DNA methylation and gene expression. D, Prognostic score of DNA methylation, gene
expression, and clinical information. Patients were categorized into low-, medium-, and high-score groups by using the tertiles of each score as the
cutoffs. E, Discriminative ability of the prognostic score. Results of 3- and 5-year survival rate, median survival time, and hazard ratio (HR) were
compared across five groups, defined by using the quintiles of the prognostic score as the cutoffs. F, HR and P values were derived from the Cox
proportional hazards model for patients with different quintile levels of the prognostic score. HRH vs L ¼ HRHigh vs Low; HRM vs L ¼ HRMedium vs Low.further illustrated by categorizing patients on the basis
of the quintile level of the score. Figure 2E manifests an
ordering relation: patients in higher-quintile groups had
lower 3- and 5-year survival rates, as well as shorter
median survival time. This indicates that patients with
higher mortality risks can be detected by using our
score system (HRLevel 5 vs 1 ¼ 66.09 [95% CI, 25.13-
173.80], P ¼ 1.98  10–17; HRLevel 4 vs 1 ¼ 21.02
[95% CI, 8.13-54.31], P ¼ 3.24  10–10; HRLevel 3 vs 1 ¼
9.13 [95% CI, 3.51-23.78], P ¼ 5.93  10–6; HRLevel 2
vs 1 ¼ 4.40 [95% CI, 1.68-11.53], P ¼ 2.53  10–3) (Fig
2F). The performance of the prognostic score was
further confirmed in the analysis stratified by covariates
(Fig 3).
We then independently validated the predictive ability of
these biomarkers. The model with only clinical
information, as aforementioned, had very limited
prediction ability (AUC3 year ¼ 0.65, AUC5 year ¼ 0.66).
However, by adding biomarkers with either main effects
or GG interactions, the AUCs significantly increased
by 35.38% (95% CI, 27.09%-44.17%; P ¼ 5.10  10–17)
and 34.85% (95% CI, 26.33%-41.87%; P ¼ 2.52  10–18)chestjournal.orgfor 3- and 5-year survival, respectively, and exhibited a
superior predictive ability for NSCLC survival (AUC3
year ¼ 0.88 [95% CI, 0.83-0.93]; AUC5 year ¼ 0.89
[95% CI, 0.83-0.93]) (Fig 4). GG interactions
contributed an additional 65.2% for 3-year and
91.3% for the 5-year prediction accuracy increase.
In the sensitivity analysis, we reanalyzed the stepwise
regression using two different thresholds (P ¼ .10 and
.15) and found that the majority of the selected
biomarkers were the same as those in the original
regression model (e-Table 16). We then recalculated
these scores, retested their associations with NSCLC
survival, and obtained similar results (e-Table 17).
Meanwhile, the AUCs of our prognostic model using
different thresholds were comparable: 0.88P ¼ .05
vs 0.85P ¼ .10 vs 0.86P ¼ .15 for 3-year survival; 0.89P ¼ .05
vs 0.83P ¼ .10 vs 0.86P ¼ .15 for 5-year survival (e-Figs 2
and 3).
Moreover, we found that the effects of these four scores
did not differ significantly between patients with LUAD
and patients with LUSC (PEpigenetic score ¼ .6572;813
Subgroup N HR(95% CI) P Value
1.0 2.0 2.5 3.0 4.0 5.0
Age ≤ 68 317 2.62(2.07−3.32) 1.80 × 10–15
Age > 68 291 3.59(2.69−4.48) 4.47 × 10–18
Male 252 3.25(2.33−4.53) 4.48 × 10–12
Female 356 2.92(2.32−3.67) 4.23 × 10–20
LUAD 328 2.86(2.22−3.69) 5.41 × 10–16
LUSC 280 3.20(2.44−4.20) 3.52 × 10–17
Stage I 388 3.50(2.70−4.57) 3.53 × 10–21
Stage II 220 2.41(1.84−3.16) 2.25 × 10–10
Never/former smoker 427 2.93(2.37−3.63) 7.54 × 10–23
Current smoker 163 3.16(2.14−4.66) 6.30 × 10–09
Figure 3 – Forest plots of results from stratification analysis of prognostic score. HR with 95% CI of the prognostic score on non-small cell lung cancer
survival in various subgroups is stratified by clinical characteristics. LUAD ¼ lung adenocarcinoma; LUSC ¼ lung squamous cell carcinoma. See
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C : AUC1 = 0.65
C + main effect of E : AUC2 = 0.67
C + main effect of E + GxG interaction of E : AUC3 = 0.72
C + main effect of E + M + GxG interaction of E : AUC4 = 0.76
C + main effect of E + M + GxG interaction of M : AUC5 = 0.87
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C : AUC1 = 0.66
C + main effect of E : AUC2 = 0.66
C + main effect of E + GxG interaction of E : AUC3 = 0.68
C + main effect of E + M + GxG interaction of E : AUC4 = 0.68
C + main effect of E + M + GxG interaction of M : AUC5 = 0.88
C + main effect of E + M + GxG interaction of E + M : AUC6 = 0.89
AUC6 vs AUC1: 34.85% (95% CI: 26.33%, 41.87%) P = 2.52e-18
B
Figure 4 – Receiver operating characteristic curves for various predictive models using the clinical information (C), the main and interaction effects of
DNA methylation (M), and gene expression (E). A, Three-year survival prediction. B, Five-year survival prediction. The AUC increase (%) was
evaluated by comparing the model with that with only the clinical information. P values and 95% CIs were calculated by using 1,000 bootstrap samples.
AUC ¼ area under the receiver operating characteristic curve; ROC ¼ receiver operating characteristic. See Figure 1 legend for expansion of other
abbreviations.
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PTranscriptional score ¼ .1823; PIntegrative score ¼ .5532;
PPrognostic score ¼ .9653) (e-Table 18). Our prognostic
model retained similar prediction ability in both the
LUAD (AUC3 year ¼ 0.91, AUC5 year ¼ 0.89, and
Cindex ¼ 0.82; 95% CI, 0.76-0.87) and LUSC (AUC3
year ¼ 0.85, AUC5 year ¼ 0.87, and Cindex ¼ 0.82; 95% CI,
0.76-0.88) populations, indicating the usefulness of the
selected biomarkers and their interactions in predicting
the outcomes for patients with LUAD and patients with
LUSC (e-Fig 4).
To facilitate application of our prognostic prediction
model, we combined clinical information and scores of
biomarkers and developed a nomogram, which
estimated well a patient’s 3- or 5-year survival (e-Fig 5).
The Cindex of the prognostic score indicated acceptable
prediction accuracy (Cindex ¼ 0.82; 95% CI, 0.78-0.86) in
an independent TCGA population. The calibration plots
also showed good accordance between observed and
predicted survival time (e-Fig 6).
In protein analysis, three of the four genes mapped in
TCGA had significant correlation between gene
expression and protein expression (e-Table 19). Most
(77%) of the 47 genes mapped in CPTAC were
differentially expressed between tumor and normal tissue,
with statistical significance (e-Fig 7). In addition, one
gene with main effect and four pairs of genes with GG
interaction had a significant effect on LUAD survival (e-
Table 20). Among 49 genes identified in epigenetic
analysis, five genes (FOXP1, AFF3, BCL6, MAPK1, and
STAT3) were identified as hub genes with the highest
connectivity degrees, greater than 25 (Fig 5). These 49
genes were enriched in cancer-related pathways including
the non-small cell lung cancer pathway (e-Table 21).Discussion
An accurate prognostic predictive model may aid
physicians in making clinical decisions or guiding
adjuvant therapy, especially for the vulnerable patients
with high mortality risk. Although subject and tumor
characteristics have been commonly used as valid
predictors, increased evidence has indicated that
molecular biomarkers may provide early warning
signals. This is because tumor cells may metastasize even
when the tumor size is undetectable (< 0.01 cm3) and
aberrations of biomarkers occur.26 Thus, there is added
value when a prognostic predictive model incorporates
both genetic and nongenetic factors, whose effects can
be captured using approaches that are both biologically
stable and technically reproducible.chestjournal.orgWe conducted a two-stage integrative study of DNA
methylation and gene expression data from multiple
centers to propose a prognostic scoring method
incorporating transomics biomarkers with main effects
and GG interactions. The prognostic score, which was
validated in an independent population, effectively
discriminates survival outcomes for patients with early-
stage NSCLC and significantly improves prediction
accuracy for their prognosis.
GG interactions are of interest because they provide
important clues regarding the biologic mechanisms of
complex diseases.27 It was suggested in previous studies
that identification of GG interactions would improve
the predictive accuracy of statistical models.28,29
However, interactions might not dramatically improve
prediction if their effects are weak or there are few
significant interactions, but might optimize statistical
modeling.30 Besides prediction, GG interactions could
increase the power to detect associations and then be
leveraged for the identification of new biomarkers.27 Our
results showed that biomarkers with GG interactions
significantly and predominantly improved the
prognostic prediction accuracy of early-stage NSCLC,
which might be due to increased power.
To evaluate the prediction accuracy of our model, we
conducted a literature search to compare our studies
with others. The details of the literature screening
process are summarized in e-Figure 8. The prediction
accuracy of our model is superior (e-Table 22), as the
one study with the best AUC (0.80) had a very small
sample size. Another study with the largest sample size,
without independent validation, had unsatisfactory
prediction capacity (Cindex ¼ 0.64). Our study has a
relatively large sample size and provides a satisfactory
prediction model that performed well in an independent
population regardless of AUC (AUC3 year ¼ 0.88 and
AUC5 year ¼ 0.89) and Cindex (0.82).
Among the genes identified in transcriptional analysis,
NDRG131 and RHOA32 have been reported to be
associated with lung cancer. In this study, among 49
genes identified in epigenetic analysis, five (AFF3,
MAPK1, STAT3, FOXP1, and BCL6) were identified as
hub genes in the gene network. AFF3 is associated with
NSCLC prognosis.33 MAPK1 promotes NSCLC cell
survival and is a therapeutic target for NSCLC
chemotherapeutic resistance.34 STAT3, one of the three
major downstream pathways activated by EGFR
phosphorylation,35 is persistently activated in 22% to
65% of NSCLC.36-38 It is a strong predictor of poor815
A
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Figure 5 – Gene network and gene enrichment analysis of 49 genes to which 25 pairs of CpG probes with interaction and one CpG probe with main
effect are mapped. A, The gene network plot constructed by GeneMANIA. Central nodes with boldface outline represent hub genes, and the size
represents the connectivity degree of each node. B, Barplot of gene pathways enriched with significant genes, and colored by P values. C, The pathway
network plot of these pathways enriched with significant genes. Significant pathways with a similarity > 0.3 are connected by edges. Each node
represents an enriched term and is colored by its cluster identification. The size of the node represents the number of genes in the pathway. The edge
represents potential biologic relationships between two pathways. GO ¼ Gene Ontology.NSCLC prognosis and related to cisplatin resistance in
NSCLC cells.39-41 FOXP1 is an independent factor for
predicting poor NSCLC prognosis.42 BCL6 could inhibit
cell apoptosis in lung cancer43 and plays a role in
sustaining NSCLC genomic instability.44
In enrichment pathway analysis, 49 genes were
significantly enriched in pathways or processes that are
cancer related. Notably, the identified genes were also816 Original Researchenriched in the KEGG non-small cell lung cancer
pathway (hsa05223). The hub genes MAPK1 and STAT3
in the network were also involved in this pathway. The
results indicated that, after functional confirmation, the
identified CpG probes are potential epigenetic targets for
NSCLC chemotherapy.
Our study has some strengths, as follows: (1) Most
studies focus only on main effects of biomarkers,[ 1 5 8 # 2 CHES T A UGU S T 2 0 2 0 ]
ignoring their GG interactions that account for
missing heritability of complex diseases like NSCLC.15
Also, most studies focus on single omics data testing
prognostic biomarkers.10-13 Taking advantage of
epigenomic and transcriptomic data and considering
both GG interactions and main effects,45 we built up
transomics prognostic scores, which could improve
prognostic value; (2) to identify reliable prognostic
biomarkers for the prediction of early-stage NSCLC
overall survival, we used stringent statistical criteria. In
the main effect analysis, candidate biomarkers, with
effect sizes larger than a data-driven threshold in ISIS
LASSO, must reach statistical significance to stay in
the Cox regression model. For the GG interaction
analysis, we applied the most conservative Bonferroni
correction to control for false positives. In addition,
significant biomarkers observed in the discovery phase
must be further validated in an independent
population. However, one consequence was that only a
few biomarkers were identified because of the limited
sample size of gene expression data, which therefore
contributed a small proportion of improved accuracy
of our model; (3) we used ISIS LASSO and stepwise
regression to screen biomarkers with main effect and
interactions, respectively, and built multibiomarker
models. These coefficients, used as weights to define
scores, were derived from multibiomarker models
rather than single-biomarker models. Single-
biomarker models might result in biased estimates of
effect sizes, whereas multibiomarker models are more
beneficial to clarify the complex association and could
improve prediction accuracy46,47; (4) the prediction
accuracy of our prognostic model was robust toward
different selection thresholds in stepwise regression as
well as stratification by histology types; and (5) the
genes we identified as enriched in the non-small cell
lung cancer pathway and most of the hub genes have
been reported to be associated with NSCLC, indicating
the reliability of our prognostic biomarkers.
We also acknowledge some limitations of our study, as
follows: (1) We focused only on pan-cancer genes,
whereas most dysregulated genes represent the
consequences rather than the causes of neoplastic
process.48 Moreover, few powerful statistical methodschestjournal.orgor excellent computer hardware can finish GG
interactions for time-to-even data on genome-wide
scales within weeks. We exhaustively tested all pairs of
pan-cancer-related genes; (2) limited clinical
information was available for several cohorts that were
initiated decades ago. However, in our study, a few
easily accessible clinical predictors and dozens of
biomarkers exhibited considerable accuracy, which
indicated potentiality for real-world application; (3)
the event rate of survival time for TCGA population is
relatively low (23%), which considerably reduced the
statistical power. However, through a conservative
two-stage strategy this study showed the robustness of
our findings; (4) our prognostic prediction model
predicts survival outcome and distinguishes subgroups
of patients with high mortality risk accurately, which
provides a potential opportunity for the delivery of
personalized medicine and interventions tailored to
each individual’s level of risk. However, it requires
information on 54 biomarkers, which might restrict its
clinical translatability without testing of specimens.
Nevertheless, the history of cancer omics testing has
taught us that, as technology improves and costs fall,
the trend is toward more convenient and
comprehensive approaches to quickly capture
biomarker information.49 In the coming years,
advances in technology will facilitate our model’s
usefulness through a customized biochip to enable
widespread clinical application and maximize the
benefit to patients; and (5) further studies with a large-
scale population and extension of other ethics are
warranted to confirm the results of our association
study and verify the underline biologic mechanisms of
the genes and their interactions. Results of protein
analysis in public resources and in gene network and
enrichment analyses might provide insight into the
functional mechanisms.Conclusion
The prognostic score incorporating transomics
biomarkers with both main effects and GG
interactions significantly improves prognostic prediction
accuracy for early-stage NSCLC survival.817
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